Rumination, an internal cognitive state characterized by recursive thinking of current self-distress and past negative events, has been found to correlate with the development of depressive disorders. Here, we investigated the feasibility of using connectivity for distinguishing different emotional states induced by a novel free-streaming, subject-driven experimental paradigm. Connectivity between 78 functional regions of interest (ROIs) within 14 large-scale networks and 6 structural ROIs particularly relevant to emotional processing were used for classifying 4 mental states in 19 healthy controls. The 4 mental states comprised: An unconstrained period of mind wandering; a ruminative mental state self-induced by recalling a time of personal disappointment; a euphoric mental state self-induced by recalling what brings the subject joy; and a sequential episodic recollection of the events of the day. A support vector machine achieved accuracies ranging from 89% to 94% in classifying pairs of different mental states. We reported the most significant brain connections that best discriminated these mental states. In particular, connectivity changes involving the amygdala were found to be important for distinguishing the rumination condition from the other mental states. Our results demonstrated that connectivity-based classification of subject-driven emotional states constitutes a novel and effective approach for studying ruminative behavior.
Introduction
A growing body of studies using functional magnetic resonance imaging (fMRI) has shown significant differences in restingstate connectivity of depressed subjects compared with healthy controls (Mayberg et al. 2000; Greicius et al. 2007; Sheline et al. 2009 Sheline et al. , 2010 Cooney et al. 2010; Berman et al. 2011) . The propensity to ruminate has been found to be a trait linked to depression (Nolen-Hoeksema 2000; Robinson and Alloy 2003) . Identification of brain connections that give rise to negative emotional states is thus an important step toward understanding depressive disorders. Previous work has shown the feasibility of classifying subject-driven cognitive states with whole-brain connectivity (Shirer et al. 2012) . Building upon this work, we explored the use of connectivity estimated from fMRI data acquired under a novel experimental paradigm for discriminating self-induced mental states pertaining to emotional processing. A secondary aim of this work was to identify the underlying brain connections that support these mental states with a focus on dysphoric rumination.
Past studies examining the classification of mental states largely fall into 2 categories. The first category uses functional connectivity to classify mental states. For instance, Shirer et al. (2012) employed this approach to classify mental states pertaining to subject-driven, free-streaming tasks, in which subjects: allowed their minds to wander; silently sang lyrics in their head; performed serial subtractions; and recalled the events of day of the scan in great detail. Richiardi et al. (2011) used a similar approach to classify whether subjects were resting quietly or watching a movie. The second category uses blood oxygen level-dependent (BOLD) contrast between experimental conditions for mental state discrimination. For examples, a study by Sitaram et al. (2011) used the BOLD contrast between emotional tasks and rest as features. Briefly, 12 subjects identified emotional memories that invoked happy and disgusted feelings before the experiment. An additional 4 subjects identified emotional memories that invoked happy, disgusted, and sad feelings. A prearranged image linked with each memory was shown to the subject in a block-design fashion. A support vector machine (SVM) with BOLD contrast above a certain threshold taken as features achieved an average accuracy of approximately 90% in distinguishing disgust from happiness. A multiclass classification of happy, sad, and disgust on 4 subjects had an average accuracy of approximately 62 ± 14%, where chance accuracy is 33%. Pairwise classification of happy and sad states was not reported for this study.
Numerous neuroimaging studies of negative emotional and ruminative mental states have been conducted using a wide variety of stimuli (Pardo et al. 1993; Mayberg et al. 1999; Damasio et al. 2000; Cooney et al. 2010; Smith et al. 2011; Freton et al. 2013; Wilson-Mendenhall et al. 2013; Eryilmaz et al. 2014; Mandell et al. 2014; Michl et al. 2014; Zamoscik et al. 2014) . Two particular studies, of note, focused on experimental paradigms that were similar to the one used in the present study. In a study by Cooney et al. (2010) , subjects were instructed to "Think about what people notice about your personality" in 30-s blocks alternating with a 10-s block of staring at a fixation cross. A within-group analysis showed greatest increases in activation in the right precuneus during a rumination task compared with an abstract and concrete distraction thought condition. In a study by Damasio et al. (2000) using [ 15 O] PET neuroimaging, a protocol of self-recall of emotionally charged events was contrasted with self-recall of an emotionally neutral event to identify areas of altered brain activation associated with happiness, fear, sadness, and anger. Subjects were free to choose the memories for generating the emotion, although it was noted that the topic of the death of a loved-one was commonly used for invoking sadness. Once a subject believed they adequately selfinvoked the emotion while in the PET scanner, they signaled to the investigators and a 30-s scan was acquired. Significant activation was observed in the somatosensory cortices and upper brain stem nuclei. No significant amygdala activation was found for any of the emotional states. Two other PET studies of emotional recall also failed to detect activation in the amygdala (Pardo et al. 1993; Mayberg et al. 1999 ). However, a task fMRI study (Michl et al. 2014) reported activation in the amygdala in a guilt compared with a shame invoking task.
In this study, we present a novel experimental paradigm for inducing emotional states.
In contrast to previous experimental protocols, the present study employed a longer duration, free-streaming, subjectdriven experimental paradigm where no external cues or stimuli (e.g., images, music, video, or other sensory cues) were used to invoke a specific mood. This paradigm aimed to capture a more naturalistic experience of emotionally charged mental states, focusing in particular on a ruminative mental state. Our classification was based on functional connectivity derived from the temporal correlations of BOLD observations between regions of interest (ROIs). To our knowledge, no studies thus far have examined the feasibility of classifying subject-driven emotional states using connectivity. Nineteen subjects were scanned during 4 mental states, where they were asked to: (1) rest quietly; (2) recall their day in great detail; (3) think about things that bring them joy; and (4) think about a time they felt deep personal disappointment. Using functional connectivity as features, we were able to classify these 4 states in a pairwise fashion with accuracy in the range of 89-94% and determined the brain regions whose correlated activity best distinguish the different mental states.
Materials and Methods

Participants
Twenty-two healthy, right-handed subjects (mean age 25.5 ± 5.3 year, 8 females) volunteered for this study. All participants provided informed consent according to the Declaration of Helsinki and the experimental protocol was approved by the Institutional Review Board of Stanford University. Exclusion criteria included any MRI contraindications, current psychiatric or neurological disorders, previous traumatic brain injury, and use of psychotropic medication. Two subjects did not complete the scans due to discomfort in the scanner or equipment problems. The scans of one subject were omitted from analysis due to an incidental structural finding. Therefore, only the scans from 19 subjects (mean age 29 ± 5 year, 6 females) were used for our analyses. Prior to scanning, subjects were briefed on the 4 mental states they would be asked to self-induce in the scanner: "to let your mind wander and think of nothing in particular" (resting state), "to recall the present day in great detail beginning from the moment you awoke to the moment you laid down in the scanner" (memory state), to think about "what brings a smile to your face? What brings you joy?" (happy state), and to think about "a time you let yourself or someone else down" (rumination state). We also fully described the aims of the experiment, including the goal of classification of ruminative and happy mental states. While alone in a testing room, the subjects were given approximately 15 min before the scan to write about things that bring them joy and an episode of personal disappointment. The subjects were instructed to refrain from discussing the contents of their brainstorming session with the researchers. At the end of this brainstorming session, the participants completed a wellvalidated rumination response scale (RRS) questionnaire (Treynor et al. 2003) . The purpose of administering the RRS questionnaire was 2-fold. We administered the RRS questionnaire to help subjects identify a set of statements associated with rumination. We also intended to divide the subjects based on the RRS scores and to examine whether the subjects can be correctly classified based on functional connectivity. However, the small sample size and limited range of scores in these healthy controls precludes such classification and these results are not described further.
We collected a high-resolution, T 1 structural scan and four 8 min T 2 * functional scans. Subjects were instructed to keep their eyes closed during all functional scans. The resting-state scan was always performed first and the memory scan was always third. The happy and rumination scans were either second or fourth with the order being pseudorandomized across subjects. Subjects were prompted verbally before the beginning of each functional scan about which cognitive state to self-induce during the scan. No further instruction was given once the 8-min scan began. A set of five-point rating scales were administered after the scanning session to quantify the difficulty the subjects experienced performing the task during each scan.
MRI Acquisition
Data were collected at the Stanford Center for Cognitive and Neurobiological Imaging facility using a GE Healthcare Sigma MR750 3-T scanner with a 32-channel receive-only whole-brain RF coil array (Nova Medical, Inc.). For the functional T 2 *-weighted echo-planar scans, 36 interleaved axial slices were acquired with the following sequence parameters: repetition time = 2000 ms; echo time = 30 ms; flip angle = 77°; voxel size=3 × 3 × 3.6 mm. The field of view was 222 × 222 mm and the matrix size was 74 × 74. An IR-FSPGR BRAVO sagittal T 1 high-resolution structural sequence had the following parameters: inversion time = 450 ms; flip angle = 12°. The matrix size was 256 × 256 with a 0.9 × 0.9 × 0.9 mm spatial resolution.
MRI Data Analysis
Slice Artifact Removal Upon visual inspection of the raw fMRI data, occasional slice artifacts were observed. To automatically identify the time points at which a slice has artifacts, we first computed the average intensity of each slice across the whole time series. A time point with mean slice intensity deviating from the time series average by more than an empirically determined threshold of 2.8 times the standard deviation was marked as problematic. Interpolation based on time points immediately before and after the slice artifact occurrence was performed to replace these problematic time points. If slice artifacts also occurred in adjacent time points, interpolation was performed using the time points before and after the artifact. In the scan with the most artifacts, <2% of the data were interpolated by the artifact removal process. For the majority of the scans, <1% of the data were modified by the artifact removal procedure. We applied single subject-independent component analysis using FSL's melodic software (Smith et al. 2004) on selected scans to verify (by visual inspection) that the de-noising procedure removed the slice artifacts.
Preprocessing
T 2 * functional and T 1 structural data were preprocessed using FSL tools (Smith et al. 2004; Jenkinson et al. 2012) . A 6-mm smoothing kernel and a 150-s high-pass filter were applied to the fMRI data. Registration to the MNI standard space was carried out in 2 steps. First, each functional scan was aligned to the high-resolution T 1 -weighted image. Second, these co-registered images were registered to the MNI space using affine linear registration with 12 degrees of freedom (Jenkinson et al. 2002) . Six movement parameters estimated by the FSL MCFLIRT program, cerebral spinal fluid confounds extracted from bilateral ROIs in the ventricles, white matter confounds extracted from bilateral ROIs in the white matter, and global signal was regressed out from the data using a custom Matlab script.
ROI Time Series Extraction
We employed a previously defined functional ROI atlas described in Shirer et al. (2012) for extracting ROI time series. This atlas is available at http://findlab.stanford.edu/functional_ROIs.html. We selected 78 of the 90 functionally defined ROIs with 12 cerebellum ROIs omitted due to incomplete cerebellum scan coverage. Previous research has suggested a strong role for the subgenual cingulate (Drevets et al. 1997; Greicius et al. 2007; Harrison et al. 2009; Keedwell et al. 2009 ) and amygdala in emotional processing (Armony 2013) . Therefore, 2 bilateral structural subgenual cingulate ROIs [of 28 voxels with a center of mass at (4, 31,−10) and (−4, 31,−10) MNI coordinates (Craddock et al. 2009 )] and 4 structural ROIs that incorporated cytoarchitectonically defined left and right basolateral and centromedial amygdala regions (Amunts et al. 2005) were additionally included, for a final count of 84 ROIs. For each subject, we generated 84 ROI time series for each mental state by averaging the voxel time series within each ROI.
Brain State Classification
The standard approach for classifying connectivity patterns is to compute the Pearson's correlation between the time series of all ROI pairs, which serve as connectivity estimates and apply a classifier, for example, SVM (Richiardi et al. 2013 ). However, elements of the Pearson's correlation matrix are inherently inter-related (Varoquaux et al. 2010; Ng et al. 2014) , which violates the independent feature assumption implicit in most classifier learning algorithms (Toloşi and Lengauer 2011) . To alleviate this fundamental limitation, we employed our recently proposed method (Ng et al. 2014) , which uses tools from differential geometry to decouple the elements of the Pearson's correlation matrix. We refer to the resulting matrix as projected the Pearson's correlation matrix for reasons described in the Supplementary Materials, where greater details of the method are provided. This method requires the Pearson's correlation matrix to be well conditioned, which we achieved by employing the sparse Gaussian graphical model with the sparsity parameter set through cross-validation (Ng et al. 2012) .
For classifying each pair of mental states, we used an SVM with the lower triangular elements of the projected Pearson's correlation matrix (i.e., connectivity estimates between all ROI pairs) as input features, and each sample labeled as +1/−1 depending on the mental state to which it belongs. The soft margin parameter in the SVM was left at its default value of 1. To assess classification accuracy, leave-one-subject-out cross-validation was performed and a 95% Wilson binomial confidence interval was computed (Wilson 1927; Brown et al. 2001) to estimate the upper and lower bounds of the accuracy level.
Discriminative Connection Identification
To identify the significantly discriminative brain connections for each pair of mental states from the classifier weights learned from the projected Pearson's correlation matrices, we used our recently proposed approach that combines permutation testing with bootstrapping (Ng et al. 2014) . The intuition behind this approach is as follows. The distribution of the classifier weights is unknown. Thus, classical statistical testing techniques, for example t-test, cannot be directly applied to identify the significant connections. The standard workaround is to permute the state labels and relearn the classifier weights for each permutation to generate a null distribution. That is, we search for the classifier weights that would be obtained by chance regardless of the state to which the connectivity estimates belong to. If the original classifier weight of a connection, without label permutation, is larger than, for example, the 95th percentile of the null distribution, then this weight value is unlikely to be generated by chance. Thus, the associated connection is likely relevant for state discrimination. However, with limited samples (i.e., the number of subjects multiplied by the number of mental states we are classifying) given the large number of predictors (i.e., the number of pairwise connections), the learned classifier weights would have high variance. We thus incorporated bootstrapping to identify the more stable discriminative connections. The assumption is that more stable relevant connections would presumably be assigned similar classifier weights across bootstrap samples. To threshold the original classifier weights in identifying the significantly discriminative connections, a procedure based on maximum statistics derived from the permutation-generated null distribution was employed (Nichols and Hayasaka 2003) , which implicitly accounts for multiple comparisons. Statistical significance was declared at P < 0.001 (corrected). A greater detail of our approach can be found in the Supplementary Materials and Ng et al. (2014) .
Post hoc Task Difficulty Regression
To test whether differences in subject self-rated difficulty of each mental state were a confounder that drives the classification performance, we learned a regression model from training data with the self-reported task difficulty as the response variable and the connectivity estimates as predictors, and applied this model to regress out the effects of task difficulty from the training and test data. If the differences in task difficulty were driving the successful classification of the mental states, we would expect to see a large drop in accuracy and a largely non-overlapping set of discriminative edges with the task difficulty effects regressed out.
Post hoc Subgenual Cingulate Seed-Based Connectivity Post hoc seed-based analyses were performed to compare the functional connectivity in the Rumination mental state against the Memory, Rest, and Happy mental states with the right and left structural subgenual cingulate ROIs being the seeds. FSL's FLAME (Smith et al. 2004 ) was used in estimating seed-based functional connectivity maps. To restrict our post hoc analysis to brain areas pertinent to emotional processing, we first performed a one-sample t-test separately on the connectivity maps of the Happy and Rumination mental states. Defining significance using cluster thresholding with a Z-statistic of 2.3 and a cluster P-value threshold of 0.05 (corrected), we then generated a mask comprising voxels that were declared as significant in both the Happy and Rumination mental states. This procedure was repeated for the pairs of Memory and Rumination and Rest and Rumination mental states to generate the masks for the pairwise comparison of states. Subsequently, we applied paired t-tests on functional connectivity estimates within the appropriate mask to contrast the Rumination mental state against the Happy, Memory, and Rest mental states. Significance was declared using the same cluster thresholding criteria but without correcting for the 6 comparisons examined (2 ROIs by 3 state comparisons).
Results
Task Validation
The exit questionnaire was designed to gather information on how much effort it took the participants to achieve the mental state for the 8 min duration of the scan. Median, mean, and standard deviation for the ratings are shown in Supplementary Table 1. Our data show that subjects found the resting quietly and recent episodic recall to be easily achieved in the scanner. Completing the happy state and rumination state tasks was more difficult for the subjects, with the rumination task rated as the most difficult to achieve the 4 mental states. However, the median score for the rumination mental state was in the middle of the five-point difficulty scale and only 2 subjects reported the rumination task as most difficult on the five-point scale, indicating that, for most subjects, the rumination state was readily achieved.
Classification Accuracy
Classification accuracies achieved for each pair of mental state is shown in Figure 1 . Classification accuracies between 89% and 94% were obtained with confidence intervals well above the chance level accuracy of 50%. We note that connectivity features derived with the Riemannian approach attained significantly higher classification accuracy than using conventional Pearson's correlation as features (Supplementary Fig. 1 ).
Significant Discriminative Connections
From the classifier weights, we identified significant connections (P < 0.001, corrected) that were most relevant for the successful classification of the contrasted mental state pairs. We chose a conservative P-value threshold of 0.001 to keep the number of connections reasonable for interpretation and visualization. Since our primary focus was the identification of brain interactions that support ruminative mental states, we present, in Table 1 , only the significant connections associated with contrasting the Rumination condition against the other 3 mental states. In Table 1 , the naming of the ROIs follows the convention used in the ROIs available online (Shirer et al. 2012 ). Specifically, the network an ROI belongs to as well as the number it was assigned within that network were combined and used as the ROI name. We additionally report the anatomical location of the ROIs. Supplementary Table 2 
Rumination Versus Rest
Eleven significant discriminative connections were found for the classification of the Rumination and Rest mental states. The connections of the right frontal pole (Salience04) to the left lateral occipital cortex, superior division (Precuneus03) and to the left lateral occipital cortex, inferior division (Visuospatial04) had higher connectivity in the Rumination state. Connectivity between the left inferior frontal gyrus (Language01) and the right superior parietal cortex (RECN03) was lower in the Rumination condition. The right superior parietal cortex (RECN03) appeared in multiple significant discriminative connections. The right basolateral amygdala (Amygdala04), which is particularly relevant to emotion processing, had higher connectivity with the left inferior frontal gyrus (BasalGanglia03) and the right superior parietal cortex (RECN03) for the Rumination state compared with the Rest mental state.
Rumination Versus Happy
Four significant discriminative connections were found for the classification of Rumination and Happy mental states. Connectivity between the right superior parietal cortex (RECN03) and the left thalamus (LECN06) was higher in the Rumination mental state. The bilateral precuneus (Precuneus02) had higher connectivity with the left centromedial amygdala (Amygdala01) in the Rumination state compared with the Happy mental state. 
Rumination Versus Memory
The left retrosplenial cortex (vDMN01) was found to be present in 6 of the 15 significant discriminative connections for classifying the Rumination and Memory conditions. The left retrosplenial cortex (vDMN01) showed higher connectivity with the medial prefrontal cortex (dDMN01) and right occipital pole (highVisual02), and lower connectivity with the right retrosplenial cortex (vDMN05), bilateral precuneus (vDMN06), the right middle frontal gyrus (RECN01), and the right inferior frontal gyrus (vDMN07). The right superior parietal cortex (RECN03) had higher connectivity with the left hippocampus (dDMN08). Lower connectivity was observed between the right and left centromedial amygdala (Amygdala02 and Amydala01) in the Rumination state compared with the Memory mental state.
Regression of Subject-Reported Task Difficulty
We did not find substantial differences in the accuracy of the classifier after regressing out task difficulty ratings. Two contrasts (Rest vs. Rumination and Happy vs. Rumination) showed a 5-8% decrease in accuracy. Classification accuracy results for all contrasts are given in Supplementary Table 3 . The 5-8% decrease in classification accuracy values was within the lower bound of the Wilson binomial confidence interval. The majority of the significantly discriminative edges also remained the same after regression as reported in Supplementary Table 4 .
Post hoc Subgenual Cingulate Connectivity
Using the left and right subgenual cingulate ROIs as seeds in a seed-based functional connectivity analysis, no significant connectivity differences were found for Rumination versus Memory and Rumination versus Rest. For Rumination versus Happy, significantly greater connectivity was observed in the right insula for the Rumination state using the right subgenual cingulate ROI as the seed (Fig. 5 ), but no difference was observed with the left subgenual cingulate ROI as the seed.
Discussion
Experimental Paradigm
Our presented experimental paradigm was very different from traditional block and event-related design. Using this self-directed, longer duration protocol enables us to capture more naturalistic mental states. Since no external stimuli were provided, we do not know at which time point the subjects were truly engaged in the task or mind-wandering during the non-resting fMRI scans. Without a clear mental state label of each time point, we cannot use the standard approach, in which each volume is taken as a sample with its intensity patterns as input features, to build classifiers. Considering all naturalistic cognitive function requires some coordination between brain areas, we opt to use connectivity over each scan as features with the assumption that the subjects were engaged in the task majority of the time. 
Classification Accuracy
Our results demonstrated that it is possible to classify, with a high degree of accuracy, different subject-driven emotional states using functional connectivity estimates as features. The high accuracy (∼90%) between rest and the emotional states showed that it is unlikely our subjects were simply letting their minds wander during the self-induced emotional scans. Additionally, the high accuracy in distinguishing the memory and rumination mental states showed that recollecting a time of personal disappointment generates a distinct connectivity pattern compared with recalling the events of the day. Most impressively, whole-brain connectivity patterns were able to distinguish the Happy and Rumination states with an accuracy of 89%, whereas roughly chance level accuracy of 53% was obtained with Pearson correlation used as features. Our results thus indicate that the Riemannian method employed here is superior to the conventional approach of using Pearson correlations for connectivity-based classification.
Significant Discriminative Connections and Post hoc Analyses
The primary aim of this study was to determine whether functional connectivity can provide accurate classification of the emotional mental states. As a secondary aim, we wished to identify connections supporting a ruminative state. From this perspective, it is intriguing to note that the amygdala was involved only for state contrasts that included the Rumination condition and did not appear in any of the significant discriminative connections when classifying non-Rumination pairs of mental states (Supplementary Table 2 ). The role of the amygdala in emotional processing is most well known in the study of fear, but some evidence suggests that the amygdala may be involved in both positive and negative emotional processing as well as in detecting novel stimuli (Vuilleumier 2005; Armony 2013; Michl et al. 2014 ). The experimental paradigm most similar to ours was the one proposed by Damasio et al. (2000) . Our paradigm is distinct from that in Damasio et al. (2000) in a number of ways. First, subjects in our study were scanned for considerably longer stretches of time in the induced states (8 min vs. 30 s). Second, and more critically, the Damasio et al.'s study relied on activation differences between states, whereas our study used functional connectivity for classification. Furthermore, the Damasio study showed little increased activation in the amygdala during the self-generated emotional mental states, albeit the known involvement of the amygdala in emotional processing. In contrast, we detected significant changes in amygdala connectivity in all our state contrasts that involved the Rumination condition. In particular, we observed higher connectivity between the amygdala and other ROIs in the Rumination mental state compared with Resting and Happy mental states. Lower inter-amygdala connectivity was found in the Rumination condition compared with the Memory mental state. These convergent findings strongly suggest that the amygdala plays a critical role in rumination which may be a mental state that includes emotions such as guilt, disappointment, and sadness.
The right superior parietal cortex was also present in a number of discriminative edges. Some studies of emotional response have shown significant changes in activation of superior parietal cortex. A task-based fMRI study with pleasant, unpleasant, and emotionally neutral pictures showed activation in the right superior parietal cortex with the unpleasant pictures (Lang et al. 1998) . In a study of negative reappraisal and suppression where women watched negative and neutral films, increased activation was observed in the superior parietal cortex in the watching negative films greater than watching neutral films contrast (Goldin et al. 2008) . Superior parietal cortex is known to be important in working memory tasks, though the evidence for its role in episodic memory is less abundant (Koenigs et al. 2009) . A recent review of the literature suggests that memoryrelated effects observed in the superior parietal cortex are related to downstream processing of task relevance or salience (Vilberg and Rugg 2008) .
We note that the majority of the discriminative connections was found in ROIs that were between, instead of within, resting-state networks. Disrupted internetwork connectivity has been observed in several psychiatric and neurological diseases (Manoliu et al. 2013 (Manoliu et al. , 2014 von dem Hagen et al. 2013) . Our results suggest that complex, self-driven mental states require coordination across multiple resting-state brain networks. A recent meta-analysis of co-activation patterns between networks in task versus rest support this interpretation (Di et al. 2013) .
We also note that our results do not suggest that the particular areas highlighted in this work (e.g., the amygdala or superior parietal cortex) are the only brain regions responsible for a ruminative mental state nor that ruminative and happy states depend on connectivity between vastly different brain regions. A recent meta-analysis on emotional states indicates that distinct emotional states share common brain regions (Lindquist et al. 2012) , and our results are by no means contradictory. Instead, our results suggest that modulation in connectivity patterns might be another mechanism for the generation of different self-driven mental states, in addition to changing activation level within similar brain regions.
Interestingly, the subgenual cingulate was not found in any of the significant connections for discriminating the emotional mental states. This observation led us to perform a post hoc functional connectivity analysis using subgenual cingulate seeds, from which we found significantly higher connectivity between the right subgenual anterior cingulate cortex and the right anterior insula during the Rumination state compared with the Happy state. This finding conforms to past studies that suggest the insula plays a role in emotional processing and the anterior insula, the subgenual anterior cingulate cortex, and the anterior midcingulate are strongly connected.
Conclusion
Our findings support the use of this more naturalistic experimental paradigm in generating subject-driven emotional states. With functional connectivity used as features, approximately 90% accuracy was achieved in contrasting the various pairs of mental states. An important question that deserves further investigation is which connections are generally involved with dysphoric rumination. Our current results could not fully answer this question since no significant discriminative connections were common across all 3 state contrasts examined, that is, Rumination versus Happy, Rumination versus Memory, and Rumination versus Resting. We foresee that increasing the sample size would provide the needed sensitivity to detect such connections. For future work, we hope to extend this approach to study patients with mood and anxiety disorders. In comparison with standard blockdesign and event-related experiments, we anticipate that the continuous, subject-driven paradigm used here will be a more naturalistic and compelling means of inducing ruminative states for studying these patient groups.
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